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Abstract 
Consciousness and vigilance disorders such as coma, vegetative state, and 
minimally conscious state represent severe neurological conditions that can 
affect individuals of all ages and sexes. The lack of early diagnosis of these 
disorders often leads to serious consequences, including impaired driving per-
formance and complications in organ transplantation. This study introduces 
a new technique for diagnosing consciousness and vigilance disorders based 
on features extracted from EEG signals using orthogonal polynomial trans-
forms, combined with machine learning paradigms such as artificial neural 
networks. Current diagnostic approaches suffer not only from limited accu-
racy but also from challenges in decision-making and delays in obtaining re-
sults. Furthermore, they typically require patients to visit medical facilities, 
where the diagnosis depends on the availability and expertise of specialists. In 
this work, we propose an automated diagnosis method that allows an individ-
ual, based on their EEG parameters, to determine whether they are affected or 
not. The algorithm also computes relevant metrics such as sensitivity, speci-
ficity, and accuracy. The classification task in this study is binary, aiming to dis-
tinguish between healthy individuals and patients with disorders of conscious-
ness (DOC), including coma, unresponsive wakefulness syndrome (UWS), and 
minimally conscious state (MCS). We employ discrete Legendre transforms 
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to extract discriminative features, which are then classified into two categories: 
healthy or affected. The results are encouraging, achieving a classification ac-
curacy of up to 75.44% in certain cases using a 10-fold cross-validation tech-
nique. Legendre polynomials thus provide a promising tool to complement 
and improve the detection of consciousness and vigilance disorders. These 
findings may contribute to enhancing existing state-of-the-art methods for de-
tecting such conditions. 
 

Keywords 
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1. Introduction 

A disorder of consciousness is an altered state of consciousness, generally caused 
by injury or dysfunction of the neural systems regulating arousal and awareness 
[1] [2]. Clinicians and neuroscientists are increasingly seeking to obtain infor-
mation about brain function from neuroimaging or electrophysiological measure-
ments, in order to achieve a more precise assessment of patients with disorders of 
consciousness. 

Compared with neuroimaging techniques, electroencephalogram (EEG) re-
cordings are more widely applicable. Numerous EEG studies on patients with dis-
orders of consciousness have already been conducted, providing valuable infor-
mation to clinicians for improving diagnosis, monitoring, and prognosis. How-
ever, EEG paradigms, analysis algorithms, and feature extraction methods remain 
complex. 

The analysis of spontaneous EEG activity is an important technique for explor-
ing and evaluating patients with disorders of consciousness, in both acute and 
chronic conditions. Studies and existing literature highlight the importance of this 
approach in assessing the severity of brain damage and predicting potential pa-
tient outcomes [2] [3]. In addition to conventional visual inspection of EEG traces, 
several analytical algorithms have been applied to resting EEG signals over the 
past decades. 

The relevance of EEG recording in the evaluation of disorders of consciousness 
has been recognized since the milestone work of Plum and Posner [4]. The EEG 
is the most common basic instrumental examination for the diagnosis of brain 
death continues to be the only procedure that enables bedside monitoring of both 
“immediate” and long-lasting cortical functioning related to the conscious/un-
conscious state. Compared with all other neuroimaging techniques, EEG record-
ings are more widely applicable, less expensive, and provide direct and immediate 
information. 

Consciousness is generally characterized by two main aspects: arousal and con-
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scious perception. Arousal is typically defined by spontaneous eye opening or by 
responses to stimulation (auditory, tactile, or nociceptive) [4]. Importantly, arousal 
can occur in the absence of consciousness, as some patients may open their eyes 
without necessarily being aware of themselves or their environment. 

The second component, conscious perception (CP), refers to any subjective ex-
perience that a person may have. It encompasses both the ability to interact with 
the environment and self-awareness. CP is associated with functions centralized 
in the cerebral cortex, particularly those related to affective and cognitive pro-
cesses [5]. In general, an individual must be awake to exhibit conscious percep-
tion. Even individuals without any disorders of consciousness experience fluctu-
ations in wakefulness and conscious perception throughout the day. Under nor-
mal conditions, wakefulness and conscious perception are positively correlated, 
as illustrated in Figure 1. When a person is awake, they are generally aware of them-
selves and their environment. 

 

 
Figure 1. The two main components of consciousness: wakefulness and CP. 

1.1. Altered States of Consciousness 

States of altered consciousness correspond to conditions in which the aspects of 
arousal and conscious perception are either absent or present at varying levels. 
Typically, a person may enter a coma following a traumatic brain injury. Some of 
these patients never regain consciousness and die relatively quickly due to the se-
verity of their lesions. However, thanks to technological advances such as the in-
troduction of mechanical ventilation in the 1950s and the development of inten-
sive care units in the 1960s the majority of patients now open their eyes and emerge 
from coma. 

The main states of altered consciousness are coma, unresponsive wakefulness 
syndrome, and the minimally conscious state. These conditions are characterized 
by precise diagnostic criteria established by groups of specialized researchers. 
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1.2. Coma 

Coma is characterized by a complete absence of both wakefulness and awareness 
of oneself and the environment [4]. To distinguish coma from syncope, concus-
sion, or transient loss of consciousness, the condition must persist for at least one 
hour and may last for several weeks. According to Howard [5], coma is character-
ized by closed eyes, no spontaneous eye opening, and no reaction to external stim-
ulation. Patients who do not die may progress within two to four weeks to differ-
ent states, such as unresponsive wakefulness syndrome, minimally conscious state, 
or locked-in syndrome. 

1.3. Brain Death State 

From a neurological perspective, this state corresponds to brain death. It is char-
acterized by a preceding coma, the absence of brainstem reflexes and motor re-
sponses, and the presence of apnea, in the absence of confounding factors such as 
hypothermia, drugs, or endocrine and electrolyte disorders. One of the main tools 
recommended to confirm the diagnosis is electroencephalography [6] [7], which 
should demonstrate cortical silence, thereby confirming the absence of neuronal 
activity throughout the brain. 

1.4. Unresponsive Wakefulness State 

The unresponsive wakefulness state (UWS), previously referred to as the vegeta-
tive state (VS), is characterized by the presence of wakefulness but the absence of 
conscious perception and cognition. UWS includes intermittent spontaneous 
opening and closing of the eyes, along with the absence of reproducible voluntary 
behavior. The term vegetative state was introduced more than 45 years ago by 
Jennett and Plum, referring to the preservation of vegetative nervous system func-
tions [8]. It is difficult to identify specific lesional areas for UWS, as these are 
strongly influenced by the underlying etiology [9]. 

1.5. Minimally Conscious State 

The term minimally conscious state (MCS) was introduced approximately fifteen 
years ago to describe patients who are awake and exhibit more complex signs of 
consciousness. This state is characterized by marked fluctuations in signs of con-
sciousness, which can vary from moment to moment. Depending on the complex-
ity of these signs of consciousness in MCS patients are further divided into two 
categories, each with precise diagnostic criteria: MCS minus (MCS−) and MCS 
plus (MCS+). Patients in MCS− exhibit low-level signs of consciousness corre-
sponding to non-reflex, goal-directed behaviors, whereas patients in MCS+ show 
higher-level responses, including movements in response to yes/no commands, 
gestural or verbal responses, or intelligible verbalization. 

Similar to the unresponsive wakefulness state, the minimally conscious state 
can be either transient or chronic. Some patients may remain in this state for sev-
eral years and gradually regain normal consciousness. Diagnosis can only be con-
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firmed when one of the two criteria communication or functional use of objects 
is observed on two consecutive behavioral evaluations. 

1.6. Locked-in Syndrome (LIS) 

The term locked-in syndrome (LIS) was introduced in the 1980s by Plum and 
Posner to describe a neurological condition in patients who are completely para-
lyzed but awake, exhibiting a level of consciousness comparable to that of individ-
uals without neurological deficits [10]. Since then, the definition has been refined, 
and three distinct diagnostic categories are currently recognized: classic LIS, in-
complete LIS, and total LIS, which are distinguished by the absence (total LIS) or 
presence (classic and incomplete LIS) of minimal motor functions. 

The main criteria for diagnosing classic LIS include the preservation of eye open-
ing, the ability to communicate via eye movements and/or blinking, quadriplegia 
or hypophonia, and relatively preserved cognitive functions. 

2. Related Works 

Neuroimaging techniques such as PET and MRI are valuable for detecting the 
brain networks underlying residual consciousness abilities. However, electroen-
cephalography offers additional advantages that are particularly useful for study-
ing altered states of consciousness and the associated neuronal activities. 

EEG studies have notably demonstrated that electrogenesis in patients with al-
tered consciousness is accompanied by an increase in slow delta-type waves [11] 
[12]. Lehembe et al. demonstrated higher delta spectral power in unresponsive 
wakefulness state (UWS) patients compared to those in the minimally conscious 
state (MCS). These authors also observed reduced brain connectivity between dif-
ferent electrodes. 

More recently, Bagnato et al. [13] reported that a reduction in EEG amplitudes 
and delta frequencies is associated with an absence of UWS or fewer behavioral 
signs three months post-etiology, whereas alpha frequencies and reactivity corre-
late with a greater number of behavioral signs of consciousness. 

EEG studies conducted on LIS patients have shown more heterogeneous results. 
Gutling et al. [14] studied and published the clinical and neurophysiological data 
of five LIS patients. They found that EEG reactivity was present in two of these 
patients but absent in the remaining three. 

A multicenter study by Estraneo et al. [15] predicted patient outcomes using 
EEG reactivity to eye opening and closing as well as acoustic stimuli, defined as a 
reproducible change in signal frequency or amplitude within a 3-second epoch. 
The predictive power of these measures was superior to that obtained using 
tactile and noxious stimuli or evoked potentials, including event-related potentials 
(ERP). 

Chen et al. [16] reported the significant prognostic value of post-stimulation 
EEG reactivity across different frequency bands and changes in connectivity. 
These measures were strongly correlated with patient outcomes when evaluated 
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after “quantifiable” electrical stimulation using 5 Hz square-wave pulses lasting 2 
seconds above the motor threshold. 

In the current clinical context, EEG reactivity with relatively simple stimulus 
protocols provides an easy and noninvasive method for assessing peripheral and 
central ascending sensory pathways, offering partial but useful information about 
the functional integrity of the brainstem, thalamus, and cerebral cortex [17]. 

Several studies have investigated resting EEG using non-linear analyses based 
on indices such as complexity and entropy [18]. Entropy, which measures signal 
regularity, provides intuitive metrics that are potentially suitable for clinical inter-
pretation. High entropy values indicate that a subject exhibits a less regular (more 
variable) EEG at rest, suggesting a state closer to wakefulness, whereas lower val-
ues are associated with unconscious states [19]. 

Various algorithms have been applied to calculate entropy, including Lempel–
Ziv complexity, approximate entropy, and cross-entropy, yielding consistent and 
promising results both for distinguishing between UWS/VS and MCS patients 
[20] and for correlating with different r-CRS scores [21] [22]. 

Andrea Piarulli et al. (2016) [23] analyzed 4-hour EEG recordings from 12 pa-
tients with disorders of consciousness (6 MCS and 6 vegetative state/unresponsive 
wakefulness syndrome - VS/UWS). Relative powers (delta, theta, alpha, beta1, beta2 
bands) and spectral entropy were estimated. Spectral entropy time courses were 
then analyzed. MCS patients had higher theta and alpha and lower delta power 
when compared to VS/UWS. They also showed higher mean spectral entropy val-
ues and greater time variability. MCS patients were characterized by spectral en-
tropy fluctuations with periodicity of approximately 70 minutes (range 57 - 80 
minutes). 

Monti MM, Laureys S, and Owen AM (2010) [18] aimed to classify the EEG 
literature on patients with disorders of consciousness according to protocols, 
analysis methods, and clinical utility. Klimesch W. (1999) [3] and Busch NA, 
Van Rullen R. (2010) [24] highlighted the significance of EEG spectral power. 
Spontaneous EEG oscillations can be divided into several frequency bands, gen-
erally as follows: delta (0.5 - 4 Hz), theta (4 - 8 Hz), alpha (8 - 13 Hz), beta (13 - 
30 Hz), and gamma (>30 Hz). Given their specific roles in different brain func-
tions, the power of these frequency bands is typically highly abnormal in patients 
with disorders of consciousness. 

Rossi Sebatiano D; Panzica F; Visani E, Rolant F; Scaica V; Leonardi M et al. 
(2015) [25] explain how enhanced delta and suppressed alpha activities have been 
highlighted as markers of low consciousness level. The delta power in disorder of 
consciousness patients is higher than in healthy controls. 

Several studies have investigated EEG spectral power in patients with disorders 
of consciousness. Lechinger et al. (2013) [26] and Sitt et al. (2014) [27] reported 
that spectral power is dominated by the delta band in nearly 80% of VS/UWS pa-
tients. Naro et al. (2018) [28] found that theta power is increased in VS/UWS pa-
tients compared to healthy controls, and also elevated in MCS patients compared 
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with healthy or fully conscious individuals. Similarly, Leon-Carrion et al. (2008) 
[20] observed higher theta power in MCS patients compared to VS/UWS patients. 

The depression of alpha power is more pronounced in VS/UWS patients than 
in MCS patients. Naro et al. (2016) reported that alpha power in MCS patients is 
significantly higher than in VS/UWS patients. Schorr et al. (2018) [26] and Le-
hembre et al. (2012) showed that alpha power can be up to twice as high in the 
central, parietal, and occipital regions of MCS patients compared to VS/UWS pa-
tients. Ressi et al. demonstrated that residual consciousness in patients with dis-
orders of consciousness correlates strongly with alpha power in frontal and pari-
etal networks. Chennu et al. (2012, 2016) [29] further reported that an increase in 
alpha power over time is associated with a higher likelihood of conscious recovery. 

3. Materials and Methods 
3.1. Software and Hardware Equipment 

For the simulations in this study, we used an HP laptop with the following speci-
fications: Intel Core i5 processor with 5 cores running at 2.3 GHz, 500 GB SSD, 4 
GB RAM, and Windows 10 64-bit operating system. The simulations were con-
ducted using MATLAB R2022a, which includes several toolboxes for machine 
learning, allowing us to perform automatic classification tasks efficiently. 

3.2. Dataset Description 

The data used in this study are part of Coralie Joucla’s dataset [30], which demon-
strates that several characteristics of brain activity can be extracted. The initial 
dataset included 1217 participants, comprising 681 patients with disorders of con-
sciousness (DOC) and 588 healthy control subjects (Non-DOC). Continuous EEG 
recordings were obtained for each participant. To make these signals suitable for 
automated analysis, the recordings were preprocessed to correct or remove artifacts, 
including ocular movements, muscle contractions, and electrode-related noise. 

After preprocessing, the EEG signals were segmented into 5-second temporal 
windows. To increase the number of learning instances while preserving temporal 
continuity, a 50% overlap was applied between consecutive windows. Each win-
dow was treated as an individual unit of analysis for the deep learning stage. 
 
Table 1. Events studied with the EEG signals. 

Events Definition Comments 

Coma Vigilance disorder 
Patient with eyes closed, he is unaware of 

himself. 

Vegetative state 
Consciousness 

disorder 
Patient with eyes open, unaware of himself, 

awake state and sleep preserved. 

Minimally conscious 
state 

Consciousness 
disorder 

Patient with eyes open, he is unaware of 
himself but reacts to stimuli. 
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Following segmentation with overlap, approximately 4000 EEG samples were 
obtained, balanced between DOC patients and Non-DOC subjects. These samples 
constituted the dataset used for training, validation, and testing of our artificial 
neural network model (Table 1). 

3.3. Mathematic Fundamental Principles 
3.3.1. Generalities on Orthogonal Polynomials 
Orthogonal polynomials play an important role in spectral analysis, so it is im-
portant to understand their general properties. Orthogonal polynomials consti-
tute families of spaces [ ]2 ,wL a b  with d dxω ω= . 

Consider an interval [ ],a b , and a weight function ( ) 0xω >  in [ ],a b , and 
[ ]1 ,L a bω∈ . For any arbitrary function ( ) [ ],f x a b∈ to be expanded in terms of 

Fourier series following an orthogonal polynomials family ( ){ }kP x  on [ ],a b , it 
is necessary that ( ) [ ],f x a b∈ , and that: 

 ( ) ( )2 d
b

a
f x x xω < +∞∫   (1) 

If ( ) f x  satisfies the previous condition, it is an integrable square function 
and, in theory of signal, ( ) f x  corresponds to a finite energy signal. Several other 
notions on the development in Fourier series in Hilbert spaces can be found in 
Tchiotsop [31]. 

There fore, it becomes obvious that the scalar function ( ).,. ω
, defined by: 

 ( ) ( ) ( ) ( )2, d
b

a
f g f x g x x x

ω
ω= < +∞∫   (2) 

The inner product in [ ]2 ,wL a b  is defined as: 

 ( )2

1
2,

wLf f f ω=   (3) 

Two functions f and g are orthogonal in [ ]2 ,wL a b  if: 

 ( ), 0f g
ω
=   (4) 

A sequence of polynomials { } 0

L
n n

P
=

 is said to be orthogonal in [ ]2 ,wL a b :  

( ) 2,i j i ijp p C
ω

δ=  

where 2
wi LC P=  and ijδ  is the Kronecker delta: 

1, if
0, otherwiseij

i j
δ

=
= 


 

For the discrete case, let the weight function ( ) 0xω > , and { } 1

0
,

N
j j j

x ω
−

=
 be a 

sequence of N points. The discrete scalar product and norm are defined as: 

 ( ) ( )
1

,
0

,
N

j j jN
j

u v u x v x
ω

ω
−

=

= ∑   (5) 

 ( )
1
2

,, , NNU N N ωω
=   (6) 

Here, ,.;. N ω  and ,. N ω  represent the discrete inner product and norm in PN.  
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3.3.2. Generalities on Legendre Polynomials 
There are several families of orthogonal polynomials, including the Laguerre, Her-
mite, and Jacobi polynomials. Jacobi polynomials are a very large class of orthog-
onal polynomials with interesting properties for biomedicine, making them at-
tractive for optimal polynomial interpolation. 

These polynomials are orthogonal on the interval [−1, 1] with the weight func-
tion (for , 1α β > ): 

 ( ) ( ) ( )1 1x x xα βω = + +   (7) 

The Jacobi family is divided into two main subfamilies: Chebyshev polynomials 
and Legendre polynomials. 

In this work, we focus on first-order Legendre polynomials, denoted by nL . 
The differential equation for Legendre polynomials is given by: 

 ( ) ( ) ( ) ( )2d d1 1 0, .
d d n nx L x n n L x n N

x x
 − + + = ∈  

  (8) 

The recurrence formula is: 

 

( ) ( ) ( )

0

1

1 1

0

2 1
1 1n n n

L
L x

n nL x x L x L x
n n+ −

=
 =


+ = ∗ − ∗ + +

  (9) 

The polynomial ( )nL x  can also be defined by Rodrigues’ formula: 

( )
( )2

1 d
2 ! d 1

n

n n nn
L x

n x x
=

 −  

 

3.3.3. Expansion of the Signal into the Legendre Orthogonal Base 
The polynomial projection of a signal ( )s x  onto the Legendre orthogonal basis 
of order M is given by: 

 ( ) ( )
0

M

k k
k

s x L xα
=

=∑   (10) 

where the sequence of coefficients { } 0

M
k k

α
=

 are the spectral coefficients of the sig-
nal decomposition or projection into the Legendre polynomial basis and are eval-
uated by: 

 

( ) ( )
( ) ( )

( )
( ) ( )

( ) ( )
( )

( ) ( )
1

11
1 2 12
1

, ,
, ,

d 1 d
d

k k
k

k k k k

k
k

kk

s x L x s L x
L x L x L x L x

s x L x x
s x L x x

dL x x

α

−
−

−

= =

= =∫
∫

∫

  (11) 

With: 

2 2
2 1kd

k
=

+
 

The evaluation of the coefficients kα  is done efficiently with the Gauss-Lo-
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batto method, which is a powerful tool for numerical integration, especially dedi-
cated to orthogonal polynomials. Thus, Gaussian quadrature states that for a fam-
ily of orthogonal polynomials ( ){ }kP x  in the interval [ ],a b , with respect to the 
weight function ( )xω  the following approximation is made: 

 ( ) ( ) ( )
0

d
Mb

j ja
j

f x x x G f xω
=

=∑∫   (12) 

where ( ) [ ]2 ,f x L a b∈  are the M + 1 nodes of ( )1MP x+  and jG  are the coeffi-
cients or weights of Gauss, called “Christoffel numbers”. 

 ( ) ( ) ( )
( ) ( )

( )
1

21
0

2d
1

M
j k j

k
j

M j

s x L x
s x L x x

M M L x−
=

=
+   

∑∫   (13) 

where jx  are the 1M +  Gauss-Lobatto nodes of ( ) ( )21 M xx L− , formed by 

0 1x = − , 1Mx = , and jx  for ( 1,2, , 1j M= − ) calculated by the eigenvalue 
method. The Christoffel numbers are given by:  

 
( ) ( ) 2

2 1 ,
1j

M j

G
M M L x

=
+   

  (14) 

After application of the Gauss-Lobatto method, the spectral coefficients of de-
composition are given by the following equation, which characterizes the DLT: 

 
( )

( )
( )

( )

( )
( )

2
0

0

2 1 , 0,1, ,
1

1 ,
1

M
k j

k j
j

M j

M
j

M
j M j

L xk s x k M
M M L x

s x
k M

M L x

α

α

=

=

 + = =
+    


= =

+

∑

∑



  (15) 

3.4. Methodology Used 

The methodology used is described below as shown in the following block dia-
gram (Figure 2). 

 

 
Figure 2. Steps of signal processing for the detection. 
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3.4.1. Data Preprocessing 
Electrical signals in the EEG that originate from non-cerebral sources are referred 
to as artifacts. EEG data are almost always contaminated by such artifacts, which 
typically have amplitudes higher than the signals of interest. This is one reason 
why considerable experience is required to correctly interpret EEGs in a clinical 
context. 

At this stage, the data were reorganized to generate multiple samples, facilitat-
ing subsequent processing and analysis (Figure 3). 

 

 
Figure 3. General description of the data. 

 
At the end of the procedure, the reorganized DataSet contains 588 healthy per-

sons and 681 patients with disorders of consciousness within a sample of 4000 
persons. 

3.4.2. Spectral Analysis 
To transform the EEG signals from the time domain to the frequency domain, we 
employed the Discrete Legendre Transform (DLT). Unlike the Fourier transform, 
which is less suitable for non-stationary signals, the DLT enables localized analysis 
and effectively handles non-periodic and broadband phenomena. The data were 
interpolated using the DLT with an approximation order set to twice the data 
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length plus one, ensuring minimal approximation error and maximal preserva-
tion of the original signal information. This choice of DLT was primarily made 
for comparative purposes, although we have also successfully applied the wavelet 
transform in previous EEG studies. 

3.4.3. Feature Extraction 
After decomposing the EEG signals using the Legendre orthogonal basis, we ex-
tracted statistical features designed to capture relevant information from the re-
cordings. These features provide a distinctive characterization of brain activity 
during the corresponding tasks, enabling differentiation between healthy individ-
uals and patients with disorders of consciousness. 

EEG frequency reflects the repetitive rhythmic activity of the brain (in Hz), 
which varies across different states such as wakefulness and sleep. Traditionally, 
frequency information is extracted using the Fast Fourier Transform (FFT), wave-
let transforms, Common Spatial Patterns (CSP), or their derivatives. In this study, 
we employed the Discrete Legendre Transform (DLT) for feature extraction, as it 
effectively captures transient, nonstationary, and broadband components of the 
EEG signal. From the DLT coefficients, we computed several statistical parame-
ters, including peak factor, latency factor, and other relevant measures that corre-
late with the patient’s level of consciousness. 
• e peak factor (DP): It is the ratio between the maximum absolute value and 

the square root of average power, which for a set X of N elements is defined as: 

( )
2

1

max
DP

i
N
i

x

X
N
=

=
∑

 

• e mean ( X ): It is a calculation tool allowing a list of numerical values to be 
summarized into a single real number. Its formula is: 

0

1 N

i
i

X X
N =

= ∑  

• e Median (Me): It is the value which separates the lower half from the upper 
half in a set. For a set X of N elements: 

( )

, if is odd
2

Me 1 1
2 2 , if not odd

2

NX N

x N NX X
N

  
   

=  − +   +    
   



 

• e mode (Mo): It is the most frequent value in a given set. 
• e 1st quartile (1er qr): e data value that separates the lowest 25% of the 

data. 
• e 3rd quartile (3me qr): e data value that separates the lowest 75% of the 

data. 
• e interquartile range (IQR): e difference between the 3rd quartile and 
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the 1st quartile. 
• e absolute deviation median (mad2): It is the median of the absolute values 

of the deviations between each value and the median. For a set X of N numbers, 
it is defined as: 

( )2mad Met iX µ= −  

where µ  represents the mean of the set X. 
• Entropy of Shannon (ShEn): It corresponds to the quantity of information 

contained or delivered by an information source. It is defined by: 

( )
1

log
n

b i b i
i

H P P
=

= −∑  

• e Latitude Factor (LF): It is the ratio between the maximum absolute value 
and the average value, for a set X of N elements: 

( )

1

max
IF 1

ii
N

N X

X
N =

∗
=

∑
 

• Percent Root Difference (PRD): It is a widely used parameter for measuring 
reconstruction fidelity. It determines the percentage of relative normalized er-
ror in energy and quantifies the quality of the reconstructed signal. For a signal 
{ } 1,2,n n
S

= 

. and the approximated signal { } 1,2,n n
Se

= 

, it is expressed as: 

( )
( )

( )

2

2PRD % 100
n n

n

S S

S

−
=

∑
∑

 

3.4.4. Dimensionality Reduction 
To reduce dimensionality and select relevant features, Principal Component 
Analysis (PCA) was employed. PCA is a linear transformation technique that ex-
tracts essential information from the original dataset and provides a roadmap for 
dimensionality reduction. 

The primary goal of PCA is to reduce a d-dimensional dataset by projecting it 
onto a k-dimensional subspace, where k ≤ d. PCA is an unsupervised algorithm, 
as it ignores class labels and identifies the principal components directions of 
maximum variance in the high-dimensional data there by minimizing infor-
mation loss when projecting onto a lower-dimensional subspace. 

This approach improves computational efficiency, reduces noise and redun-
dancy, and retains most of the relevant information from the original data. The 
first principal component captures the maximum variance. Consequently, the fea-
tures selected by PCA are non-redundant and serve as the input for the classifier 
used in subsequent analyses. 

Although multiple disorders of consciousness (DoC) are considered in this 
study, including coma, UWS, and MCS, the classification task is performed in a 
binary manner, distinguishing healthy individuals from patients with DoC (Fig-
ure 4). 
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Figure 4. Classification architecture. 

 
1) Architecture 
a) Input: Input Layer 

• Input Dimension: channel stepsn time∗ . 
• Example: If we have 64 EEG channels and 100 points per time window, the 

input will have a dimension of 64 × 100 = 640064. 
b) Dense Layer 1 

• Dense Layer:  
• Description: First fully connected layer which takes the flattened features as 

input. 
• Hyperparameters: 

○ Units: 512 
○ Activation Function: ReLU (non-linear activation function) 

• Batch Normalization: Normalizes activations to improve stability and speed 
of training. 

• DropOut: is applied to avoid overfitting. 
c) Dense Layer 2 

• Dense Layer:  
• Description: Second fully connected layer. 
• Hyperparameters: 

○ Units: 256 
○ Activation Function: ReLU 
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• DropOut:  
d) Dense Layer 3 

• Dense Layer:  
• Description: ird fully connected layer with reduced size. 
• Hyperparameters: 

○ Units: 128 
○ Activation Function: ReLU 

e) Output: Output Layer 
• Dense Layer:  
• Description: Output layer for classifying states of consciousness. 
• Hyperparameters: 

○ n_Classes: Number of classes. 
2) Hyperparameters 

• Batch Size: 32 or 64 (depending on the size of the data). 
• Optimizer: Adam with an initial learning rate of 10−3. 
• Loss Function: Categorical Cross-Entropy for multiclass classification. 
• Epochs: 50 to 100 (depending on convergence). 

4. Results 
4.1. Results of Sample Decomposition 

After reorganizing the dataset, we obtained a total of 4000 samples from both 
healthy individuals and patients with disorders of consciousness. Each sample is 
labeled according to the corresponding condition: Coma, Vegetative State (VS), 
or Minimally Conscious State (MCS). 

Figure 5 below illustrates the time-domain graphs for each state. 
 

 
Figure 5. Recordings EEG signals for healthy (a) and patients with disorder of consciousness (b). 
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4.2. Results of Spectral Analysis 

After the preprocessing stage, spectral analysis represents the second step of the 
proposed methodology. The signals were interpolated, and their frequency distri-
butions were expressed in terms of spectral Legendre decomposition coefficients. 

Figure 6 below illustrates the differences between the original signals and the 
reconstructed signals. The Percentage Root-Mean-Square Difference (PRD) in 
this figure is less than 1%, demonstrating that Legendre polynomials are an effec-
tive tool for spectral analysis. 

 

 
Figure 6. Difference between original signal and 
reconstructed signal. 

4.3. Results of Feature Extraction 

After spectral analysis, the next step is to extract relevant features from the signal. 
These features include the mean, median, Shannon entropy, among others. 

Figure 7 and Figure 8 present the results obtained in 1D and 2D after feature 
extraction for both healthy individuals and patients with disorders of conscious-
ness. The blue curves represent healthy subjects, while the red curves represent 
patients for each condition: Coma, Vegetative State, and Minimally Conscious 
State (MCS). 

4.4. PCA Results 

After processing the signals using spectral analysis with the Discrete Legendre 
Transform, each of the three events in a signal is represented by a feature vector 
of 85 elements, reducing the dimensionality from 8001 to 85. 
In summary: 
• Each event in the healthy group is represented as a matrix of size 588 × 85. 
• Each event in the group of patients with disorders of consciousness is repre-

sented as a matrix of size 681 × 85. 
After applying Principal Component Analysis to the vector of statistical param-

eters extracted from the DLT coefficients, 13 principal components were selected 
to reduce redundancy and retain the most informative features. 
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Figure 7. Some parameters 1-D. 

 

 
Figure 8. Some parameters 2-D. 

https://doi.org/10.4236/wjns.2025.154028


R. Atangana et al. 
 

 

DOI: 10.4236/wjns.2025.154028 373 World Journal of Neuroscience 
 

These 13 components were then used as input to the classifier. The cumulative 
variance explained by these components was calculated by summing their corre-
sponding eigenvalues, ensuring that a substantial portion of the original signal 
variability was preserved. 

In this study, we employed a multilayer perceptron neural network with a single 
hidden layer and a sigmoid activation function. For classification, 60% of the data 
from each class were used to form the training set, while the remaining 40% con-
stituted the test set. In addition, a 10-fold cross-validation procedure was applied 
to the training set to determine the optimal parameters of the neural network, 
such as weights and biases. 

During this procedure, each fold was used once as a validation set, while the 
remaining nine folds served as the training data. The classifier parameters were 
estimated iteratively across all ten folds. This process was repeated ten times, pro-
ducing ten distinct sets of classifier parameters, from which the optimal configu-
ration was selected. 

The performance metrics of the classifier, including accuracy, precision, recall, 
and F1-score, are summarized in Table 2 below. 

 
Table 2. Evaluation of metrics. 

Dimension Metrics % C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 

1 Sen 85.66 99.63 84.55 100 88.97 97.05 61.78 99.54 91.91 100 100 100 

1 Sep 22.55 95.74 85.95 60.30 66.30 82.12 94.45 100 26.48 99.57 100 100 

1 Acc 55.22 60.35 65.48 63.51 66.27 62.91 61.74 54.64 57.19 54.65 74.48 74.44 

2 Sen 66.88 97.54 81.91 99.56 100 71.79 98.46 67.78 100 100 100 100 

2 Sep 96.98 100 66.48 98.57 100 100 84.58 100 46.79 96.57 100 100 

2 Acc 71.84 64.64 67.19 66.65 74.68 75.44 65.74 62.78 65.22 71.67 74.48 74.44 

4.5. Classification Results 

After feature extraction and selection, the low-dimensional parameter vectors 
were used as input to a classifier consisting of a multilayer perceptron neural net-
work with a single hidden layer and a sigmoid activation function. 

For classification: 
• 60% of the data from each class was used to form the training set. 
• e remaining 40% constituted the test set. 
• A 10-fold cross-validation was applied to the training set to determine the op-

timal parameters (weights and biases) of the artificial neural network. 
After extraction and selection of relevant features, the low-dimensional param-

eter vectors were directly used as input to the classifier. In this study, we em-
ployed a multilayer perceptron architecture for efficient classification of the EEG 
signals. 
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Figure 9. ROC curves. 

 

 
Figure 10. Confusion matrix. 
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Figure 9 presents the Receiver Operating Characteristic (ROC) curves and the 
corresponding Area Under the Curve (AUC) values. The AUC values, ranging 
between 0.5 and 1, indicate that the classifier demonstrates strong discriminatory 
power. Furthermore, the confusion matrix reveals that the classifier is highly reli-
able, exhibiting very low rates of both false negatives and false positives (Figure 
10). 

5. Discussion 

In this study, orthogonal Jacobi polynomials specifically the Legendre polynomi-
als were employed to extract meaningful features from EEG signals collected from 
healthy subjects and patients with disorders of consciousness (DoC). This ap-
proach introduces a novel framework for the detection and diagnosis of DoC by 
integrating DLT-based spectral features with temporal and statistical descriptors, 
subsequently used as input to a machine learning classifier. The adoption of a 10-
fold cross-validation scheme ensured robustness of the results and mitigated over-
fitting during model training. 

The classification task was conducted in a binary manner, distinguishing 
healthy individuals from DoC patients. The proposed method achieved an accu-
racy of 75.44% on the same dataset previously analyzed by Coralie Joucla. Although 
this performance is slightly lower than some existing approaches, our method con-
tributes an innovative feature extraction strategy that enhances traditional time- 
and frequency-domain EEG analyses. 

Table 3: Comparative analysis of previous studies and our work presents a com-
parative summary of our results with those reported in previous studies, empha-
sizing the originality and effectiveness of the proposed methodology. 

 
Table 3. Comparative analysis of previous studies and our work. 

Authors/Criteria Classifier used 
Spectral analysis  

tool 
Selection of 
parameters 

Extraction of  
features 

Precision 

Coralie et al., 2020 
Support vector 

machine 
None Genetic algorithm Fourier transform 55% 

Federico et al., 2018 
Support vector 

machine 
None None None 78% 

Our work 
Artificial neural 

network 
Legendre orthogonal 

polynomials 
Principal component 

analysis 
Discrete transform  

of legendre 
75.44% 

6. Conclusions 

In this study, we analyzed EEG recordings from 29 patients with disorders of con-
sciousness and vigilance, and 26 healthy individuals. As expected, based on find-
ings from previous studies, our results confirm several previously reported obser-
vations while introducing original contributions. 
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The originality of this work lies in the characterization of consciousness using 
orthogonal Legendre polynomials for spectral decomposition and feature extrac-
tion. Consciousness comprises two fundamental components: awareness and vig-
ilance. Awareness relates to the perception of the external environment, while vig-
ilance corresponds to wakefulness. Even during wakefulness, the way an individ-
ual perceives and responds to a specific stimulus can vary. Moreover, not all con-
scious experiences occur exclusively during wakefulness, as multiple studies have 
attempted to uncover the underlying mechanisms of consciousness. Disorders of 
consciousness in which consciousness is impaired, pose major diagnostic challenges. 
Diagnosis is often based on bedside assessments, leaving considerable room for 
misdiagnosis. For instance, a patient with impaired awareness and vigilance may 
be classified as comatose, yet distinctions become complex when only one of these 
components is affected, or the level of impairment is subtle. 

Patients in a vegetative or unresponsive wakefulness state retain vigilance but 
lack awareness of self or environment, whereas those in a minimally conscious state 
maintain both wakefulness and partial, fluctuating awareness. Some patients may 
transition between states, complicating diagnosis. 

The proposed model, based on Discrete Legendre Transform and neural net-
work classification, shows promising results for assisting in differentiating be-
tween these states. However, further validation is required using data from multi-
ple clinical centers specializing in disorders of consciousness. Its intended use is 
to complement, not replace, clinical expertise providing clinicians with an intelli-
gent support tool to enhance diagnostic accuracy and decision-making in the eval-
uation of consciousness disorders. 
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